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RECOMMENDER SYSTEM FOR CONTENT
DELIVERY NETWORKS

BACKGROUND INFORMATION

In recent years, the demand for network bandwidth has
been driving the demand for different types of network
services and devices. Consequently, the global demand for
Ethernet products is expected to increase at a compound
annual growth rate (CAGR) of over 14.1% from year 2009
through 2015. The demand is projected to exceed $40 billion
by 2015. The increasing demand for higher bandwidth
networks partly stems from increasing network demand for
content, such as movies, television programs, live broadcast,
etc.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 illustrates an exemplary network in which con-
cepts described herein may be implemented;

FIG. 2 illustrates exemplary components of one of the
network devices of FIG. 1;

FIG. 3 illustrates exemplary functional components of a
content assignment device of FIG. 1;

FIG. 4 illustrates an exemplary functional component of
a content distribution cluster of FIG. 1;

FIG. 5 illustrates the databases of FIG. 1;

FIG. 6 is a flow diagram of an exemplary process that is
associated with determining hit priorities without using
social network information; and

FIG. 7 is a flow diagram of an exemplary process that is
associated with determining the hit priorities based on social
network information.

DETAILED DESCRIPTION OF PREFERRED
EMBODIMENTS

The following detailed description refers to the accom-
panying drawings. The same reference numbers in different
drawings may identify the same or similar elements. As used
herein, the term “cache hit” or “hit” may refer to an event in
which a piece of information (e.g., a piece of content or a
content item) that is requested by a user device is found
cached at a device(s) to which the request is made. Similarly,
as used herein, the term “cache miss” may refer to an event
in which a piece of information that is requested by a user
device is not cached at a device(s) to which the request is
made. When a cache miss occurs, the user device may be
redirected to another device or a set of devices at which the
information is stored. As used herein, the term “content”
may include multimedia content, video content, audio con-
tent, web pages, programs, text, documents, images, pic-
tures, etc.

As described herein, a device may prioritize a list of
contents to be cached in each of content distribution clusters
in a content distribution network (CDN). In prioritizing the
list, the device may attempt to maximize the rate of cache
hits at each of the clusters based on models of user behavior.
By storing contents that maximize the rate of cache hits,
each content distribution cluster may decrease delays that
are associated with accessing particular contents, decrease
reissuing requests for content, and reduce computational
load on the CDN.

FIG. 1 illustrates exemplary network 100 in which con-
cepts described herein may be implemented. Network 100
may include the Internet, an intranet, a local area network
(LAN), a wide area network (WAN), a metropolitan area
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network (MAN), a cellular network, a public switched
telephone network (PSTN), an optical network, an ad hoc
network, any other network, or a combination of one or more
networks.

As shown, network 100 may include content distribution
network 102, user devices 104-1 through 104-N (collec-
tively referred to as “user devices 104 and individually as
“user device 104”), content source devices 106-1 through
106-M (collectively referred to as “content source devices
106 and individually as “content source device 106”),
content assignment/recommender device 108, and databases
110.

Content distribution network 102 may include network
server devices that store or cache copies of content/data
items, placed at different geographic locations. Content
distribution network 102 may efficiently deliver content to
user devices 104. In content distribution network 102, each
request for content may be handled by a device geographi-
cally close o the user device 104 making the request.

As further shown in FIG. 1, content distribution network
102 may include content distribution clusters 112-1 through
112-R (collectively referred to as “content distribution clus-
ters 112” and individually as “content distribution cluster
112”). Content distribution clusters 112 are interconnected
by a dedicated network. Each content distribution cluster
112 may be located at a specific geographical location and
may serve user devices in particular geographical areas.
Each content distribution cluster 112 may or may not include
the same number of deployed server devices as another
content distribution cluster 112. In one implementation, each
of the devices/servers in content distribution clusters 112
have identical properties.

When a content distribution cluster 112 receives a request
for content from a user device 104, the cluster 112 may
determine whether the requested content is cached in the
cluster 112. If the content is cached in the cluster 112, there
is a cache hit. The cluster 112 may provide the content to
user device 104. If the content is not cached at the cluster
112, the cluster 112 may redirect user device 112 to another
cluster 112 that caches the content.

To optimize the quality of service provided by content
distribution network 102, content/data items may be moved
from one content distribution cluster 112 to another content
distribution cluster 112. By moving content among devices
in clusters 112 to bring a content item as close as possible to
a requesting user device 104, content distribution network
102 operates faster than if content distribution network 112
were to redirect the request to another device (which holds
the copy) further away. In some implementations, geo-
graphical distance may not be the only factor influencing
delays in sending/distributing content.

Each device in content cluster 112, having a finite storage
capacity, acts as a cache, and keeps copies of already
requested content item for future requests. The devices
within a cluster 112 coordinate to act as a single large cache.
Depending on the implementation, clusters 112 may include
different cache replacement strategies.

User device 104 may include a handset, cellular phone,
smart phone, personal computer, laptop computer, tablet
computer, set-top box, gaming console, personal digital
assistant (PDA), and/or another type of communication
and/or computational device that is capable of playing
multimedia content. User device 104 may send a request for
content to content distribution network 102 and receive
content from content distribution network 102.

Content source device 106 may provide content to content
distribution network 102. When new content becomes avail-
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able, content source device 106 may send the new content to
content distribution network 102. Content distribution net-
work 102 may store the content at one of content distribution
clusters 112. Content source device 106 may also provide, to
content distribution network 102, updated content, as well as
instructions to remove content (e.g., outdated content).

Content assignment device 108 may determine on which
content distribution cluster 112 a particular content item is to
be stored. That is, content assignment device 108 may assign
or recommend each content item, from content source
device 106, to a content distribution cluster 112, at which the
content item will be stored/cached. In assigning the content
item to a content distribution cluster 112, for each content
distribution cluster 112, content assignment device 108 may
provide a prioritized/ordered list of content items to be
stored at the content distribution cluster 112. In obtaining the
lists of contents for content distribution clusters 112, content
assignment device 108 may consult databases 110 for infor-
mation.

Databases 110 may include information on history of user
behavior with regard to downloading content from content
distribution clusters 112/content distribution network 102,
information on one or more social networks, and/or infor-
mation on contents (e.g., program times, metadata, etc.).

FIG. 2 is a block diagram of exemplary components of a
network device 200. Network device may correspond to any
of the devices illustrated in network 100, to one or more
devices that form content distribution clusters 112, and/or to
host devices for databases 110. As shown, network device
200 may include a processor 202, memory 204, storage unit
206, input component 208, output component 210, network
interface 212, and communication path 214. In different
implementations, device 200 may include additional, fewer,
different, or different arrangement of components than the
ones illustrated in FIG. 2. For example, device 200 may
include line cards for connecting to external buses.

Processor 202 may include a processor, a microprocessor,
an Application Specific Integrated Circuit (ASIC), a Field
Programmable Gate Array (FPGA), and/or other processing
logic (e.g., embedded devices) capable of controlling device
200, executing programs/instructions, etc.

Memory 204 may include static memory, such as read
only memory (ROM), and/or dynamic memory, such as
random access memory (RAM), or onboard cache, for
storing data and machine-readable instructions (e.g., pro-
grams, scripts, etc.). Storage unit 206 may include a floppy
disk, CD ROM, CD read/write (R/W) disc, holographic
versatile disc (HVD), digital versatile disc (DVD), and/or
flash memory, as well as other types of storage devices (e.g.,
hard disk drive) for storing data and/or machine-readable
instructions (e.g., a program, script, etc.). Depending on the
context, the term “memory,” “storage,” “storage device,”
and/or “storage unit” may be used interchangeably. For
example, a “computer-readable storage device” or “com-
puter-readable medium” may refer to both a memory and/or
storage device.

Input component 208 and output component 210 may
provide input and output from/to a user to/from device 200.
Input/output components 208 and 210 may include a display
screen, a keyboard, a mouse, a speaker, a microphone, a
camera, a DVD reader, Universal Serial Bus (USB) lines,
and/or other types of components for converting physical
events or phenomena to and/or from signals that pertain to
device 200.

Network interface 212 may include a transceiver (e.g., a
transmitter and a receiver) for device 200 to communicate
with other devices and/or systems. For example, via network
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interface 212, device 200 may communicate over a network,
such as the Internet, an intranet, a terrestrial wireless net-
work (e.g., a WLAN, WiFi, WiMax, etc.), a satellite-based
network, optical network, etc. Network interface 212 may
include a modem, an Ethernet interface to a LAN, and/or an
interface/connection for connecting device 200 to other
devices (e.g., a Bluetooth interface).

Communication path 214 may provide an interface
through which components of device 200 can communicate
with one another.

Network device 200 may perform the operations
described herein in response to processor 202 executing
software instructions stored in a non-transient computer-
readable medium, such as memory 204 or storage device
206. The software instructions may be read into memory 204
from another computer-readable medium or from another
device via network interface 212. The software instructions
stored in memory 204 or storage device 206, when executed
by processor 202, may cause processor 202 to perform
processes that are described herein.

FIG. 3 illustrates exemplary functional components of
content assignment device 108 an/or devices of content
distribution cluster 112. As shown, content assignment
device 108 (or a device in content distribution cluster 112)
may include hit times estimation logic 302 and a recom-
mender 304. Although content assignment device 108 (or a
similar device in a content distribution cluster 112) includes
other additional functional components, they are not illus-
trated in FIG. 3 for simplicity. For example, content assign-
ment device 108 may include an operating system, a web
server, device drivers, application servers, etc.

Hit times estimation logic 302 may determine, for each
content distribution cluster 112, a prioritized list of contents.
In determining such a list, hit times estimation logic 302
attempts to maximize the number of total hits over all
content items in content distribution network 102. If the total
number of hits is denoted by T, then:

®

Py -
ucl ieS}'k

where u denotes a user, and U denotes the set of all users. 1
denotes the set of all content items in content distribution
network 102. S,** denotes the set of contents that user u
likes and are cached in the geographically closest cluster/
device. z is a constant summed over indices of the summa-
tion in expression (1) (e.g., z=1). Denote a content distri-
bution cluster 112 as c. Also denote a set of users associated
with the cluster as U_ and clusters 112 as C. Expression (1)
can then be rewritten as:

@

RESIIDI

ceCucl; ieS+'k
u

To maximize the hit times under the constraints expressed
by (1) or (2), hit times estimation logic 302 needs to predict
contents that will be requested most/more times in each
cluster 112. Hit times estimation logic 302 may access a
database of users’ rating history (history database) about
contents that the users watched. A high rating value means
a strong preference and a low rating value means a weak
preference.
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Denote R, ; as u’s rating for i in history data. Hit times
estimation logic 302 first predicts missing ratings (e.g.,
ratings for content items that a user has not rated). Denote
the predicted rating matrix as ReR*® ™ where R,,; denotes
the predicted rating of u to i. i, denotes the number of items,
and u, denotes the number of users. R, ; is modeled as:

R=r, +QPT, 3)

with matrices PeR™¥> and QeR*¥, where j_<<i_, u, is the
rank; and r,,€R is a (global) offset. P, is item 1’s latent feature
and Q,, is user u’s latent feature. .
The predicted rating of u for item i, R,,,, is calculated as:
Ru,i:rm-"QuPiT 4
Hit times estimation logic 302 minimizes the square error:
®
Hit times estimation logic 302 is trained by summing not
only over the observed ratings, but over all content items.
A>0 is a regularization parameter. Hit times estimation logic
302 may use the Frobenius norm, denoted by ||F, to regu-
larize the learned matrices P and Q. The ratings predicted by
the model are denoted by R,,, (see (4)); and R,,i° equals
the actual rating value in the training data if observed for
user u and item i; otherwise the value Ru,f&l:rm is imputed.
In expression (5), the following training weights W, , may be
used:

2,19

2o w2 iWu,i'(Ru,iO&i_Ru,i)2+}\‘(HP HF2+HQHF2)

if RZV‘-&" observed

1
Wyi= .
w,, otherwise

In this implementation, the weight assigned to the
imputed ratings is positive. In contrast, the usual optimiza-
tion of the root mean square error (RMSE) test-measure is
obtained by training with w,=0. This seemingly small
difference has the important effect that hit times estimation
logic 302 is trained on all items, while the popular RMSE-
approaches are trained only on the observed ratings.

Hit times estimation logic 302 assumes that the probabil-
ity P, , that user u will requests a content item i only depend
on user u’s preference of item i, i.e., f{u,i. Thus,

Pu,i :Pu,i(Ru,i) (6)

With the above assumption, hit times estimation logic 302
may estimate content item i’s hit times in the future in each
cluster as:

o

u,i
ucUASI

where S, is the set of users who rated content itemi. As users
in S, already watched/viewed content item i before, they do
not contribute to the hit in the future. ueU _\S, are all the users
associated with server cluster ¢, but have not yet rated
content item 1.

Assume that hit times estimation logic 302 is provided
with a dataset for determining the hit times. If the dataset
includes a user’s click history, i.e., that dataset only contains
information about which user watches which content item,
hit times estimation logic 302 sets R, =1 if user u watched
content item i. Otherwise, hit times estimation logic 302 sets
R, 0. This means hit times estimation logic 302 gets a
binary rating matrix R. Hit time estimation logic 302 may
then estimate h, in accordance with expression (7).
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If the dataset includes information about a user’s watch-
ing time of each content item, hit times estimation logic 302
sets:

®

where T, ; is the user u’s watching time for content item i,
and T, is the watching time for the full length of content item
i. Hit time estimation logic 302 may determine the hit times
in accordance with expression (7), with (6) and (8).

After hit times estimation logic 302 obtains the predicted
rating for all content items, hit times estimation logic 302
may convert the predicted rating to probability of a user’s
request of a content item, as shown in expression (6).

In some implementations, hit estimation logic 302 may
determine the hit times based on ratings as a function of
social network information. In real life, people often resort
to friends in their social networks for advices before pur-
chasing a product or a service. Findings in sociology and
psychology fields indicate that human beings tend to asso-
ciate and bond with similar others. Due to the stable and
long-lasting social bindings, people are more willing to
share their personal opinions with their friends, and typically
trust recommendations from their friends more than those
from strangers and vendors. Typically, in a social network,
people share posts, news, and videos (content items) with
friends. Thus, for example, users influence each other in
online social network via social links. This implies that
user’s online behavior in social network is positively cor-
related to the user’s friend’s behavior.

Hit times estimation logic 302 may determine the ratings
as a function of social network in several ways. In these
implementations, users are assumed to be connected in a
social network G=(V, E), where V is the set of users, E is the
set of friendship links. Each user is assumed to share his past
behavior, e.g., watching videos, with his direct friends.

In one implementation, more specifically, his times esti-
mation logic 302 determines the hit times using a set of
social network based nearest neighbor (NN) approaches to
predict content playing times (e.g., video watching time) by
considering both social trust and Collaborative Filtering
(CF). As used herein, the term “CF-user latent feature
(CF-ULF)” may refer to this particular approach.

In the CF-ULF, hit times estimation logic 302 bases its
computations on expression (4). Denote by k, the number of
nearest users identified by the CF approach, and by k, the
number of trusted users identified by the social network
based approach. Hit times estimation logic 302 uses Pearson
correlation coefficient to cluster the users in the user latent
feature space. The k; users nearest to the source user u are
identified; these k, users are detected among all users in all
clusters. The relevant content items of these nearest users are
voted to form the set of recommended content items (e.g.,
videos). The voting values for the candidate content items
are computed as follows:

®

Votel,; = Z Zsim(u, V)Sict,

veNy i

where 0 is the Kronecker delta. 1, denotes the set of relevant
content items of user v. N,, is the set of k, nearest neighbors
of user u (as determined by the Pearson correlation). A
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“relevant content item 1 of user u” is a highly rated content
item for the user. Hit ratings estimation logic 302 sets a
rating threshold r,. If R, 21, i is relevant to user u.

Hit estimation logic 302 then normalizes the voting values
and treats it as the probability user u requests content item
ias:

Vote, =Votel, /IN, | 10)

where Vote, , is the vote concerning content item i for user
u. The k, nearest neighbors of user u are weighted according
to their similarity sim(u, v) with user u, measured in terms
of the Pearson correlation coefficient between user u and v
(in user latent feature space). Hit times estimation logic 302
estimates content item i’s hit times in the future as:

k= ) Vote, an

ucUASI

where uelU_\S, are all the users associated with server cluster
¢, but have not yet rated content item 1.

In another implementation, his times estimation logic 302
determines the hit times based on a “pure trust” based
model/approach. In the pure-trust based model, hit times
estimation logic 302 employs the breadth-first search (BFS)
in the social network to find k, trusted users to the source
user u. The voting scheme is similar to the scheme employed
in CF-ULF.

(12

Votelu,; = Z Zwr(ua Victvs

veNy) i

where N, denotes the set of trusted users of u, and w,(u, v)
denotes the voting weight from user v. The value of w (u, V)
is set to be d,, the depth of user v in the BFS tree rooted at
user u. Hit estimation logic 302 normalizes this voting value
and treats it as the probability user u requests content item
ias:

Voteuyi:Voteluy,-/HNu(’)H (13)

A content item’s hit time in a cluster is estimated by
expression (11).

In yet another implementation, hit times estimation logic
302 employs yet another approach to determine the hit times
of the content items, herein referred to as “trust-CF-ULF”
model/approach. The trust-CF-ULF model is a combination
of the CF-ULF model and the pure-trust model. In the
trust-CF-ULF model, the value ofk, is set to be equal to the
value of’k,. In this model, hit times estimation logic 302 first
finds k; closest neighbors from the CF neighborhood, then
finds k, closest neighbors (from the trust neighborhood)
which are not in the k; set. Hit times estimation logic 302
determines the votes of users in the combined neighborhood,
with respect to their relevant content items.

w(u, v) is defined as the following:

14

Votel,; = Z Zw(u, Vicivs

veN,(f) i

where, N, is the combined neighborhood.
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if ve N, (15)

sim(u, v)
wlu, v) =
@ v) { wiu, v) if ve N9,

Hit times estimation logic 302 normalizes this voting
value and treats it as the probability user u requests video i
as:

Voteuyi:Voteluy,A\Nu(‘)H (13)

Hit times estimation logic 302 estimates content items’ hit
time in a cluster based on expression (11).

In yet another implementation, hit times estimation logic
302 employs yet another model, herein referred to as “trust-
CF-ULF-best” model. The trust-CF-ULF-best model
improves upon trust-CF-ULF by dynamically tuning the
values ofk; and k, so as to obtain the best recall results (e.g.,
maximum hit times).

For binary rating data, hit times estimation logic 302
estimates content item hit times in the same way as shown
in equation (7). For user’s watching time of each content
item, hit times estimation logic 302 converts it to a rating
following expression (8) and then estimates requested time
as expression (7).

In the above implementations, hit times estimation logic
302’s computations/determinations are based on a model
with a number of assumptions. For example, it is assumed
that if every device can host up to k content items and if
there are N devices in a cluster 112, that cluster is equivalent
to a single cache able to host kN different content items. It
is also assumed that the size of the file of a content item does
not vary much across different content items. This simplifies
the definition of the model but still captures the heteroge-
neity of cluster sizes.

Recommender 304 may provide the results of hit times
estimation logic 302 to other devices in network 100 (e.g.,
devices in content distribution clusters 114). In addition,
recommender 304 may collect information that hit times
estimation logic 302 needs to perform its computation/
determination from other devices in network 100 and pro-
vide such information to hit times estimation logic 302.

FIG. 4 is a block diagram of a functional component of
content distribution cluster 112. As shown, content distri-
bution cluster 112 includes content storage manager 402. In
implementations in which content distribution cluster 112
includes one or more server devices, each device may
include content storage manager 402. Although content
distribution cluster 112 or each device in content distribution
cluster 112 includes other functional components, they are
not illustrated in FIG. 4 for simplicity.

Content storage manager 402 may use a content replace-
ment strategy to remove a content item from the cache (e.g.,
storage) when it is full and a new request for an uncached
content item arrives. Each strategy assigns priorities to the
content items in memory. When a deletion is needed because
the cache is full, content storage manager 402 may remove,
from its storage, a content item with the lowest priority. The
priority of a content item may be updated whenever a
request for that content item is issued from user device 104.

Content storage manager 402 may adopt standard caching
replacement methods. Depending on the implementation,
such methods may be augmented by results from recom-
mender 304 in content assignment device 108. Each policy
assigns a priority P (i) to a content item i and, when a content
item has to be removed, content storage manager 402 may
select a content item with the lowest priority for deletion.
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Content storage manager 402 may make a random choice
when more than one videos have the lowest priority.

Depending on the implementation, content storage man-
ager 402 may adopt different caching policies: Least-Re-
cently-Used (LRU), Least-Frequently-Used (LFU), Mixed,
and Recommender-based. In the LRU, the priority of a
content item i is given by P (i)=clock, where clock is an
internal counter. clock is decremented by one whenever a
new content item is requested, and its value is assigned to the
newest requested content item while other content item’s
priority value remains the same. A content with a higher
priority number has higher priority. This policy provides a
simple aging effect. When a content item is not requested for
a long time, it is eventually removed from the cache.
However, the policy does not take into account the content
item’s popularity.

In the LFU, the priority of a content item i is given by P
(1)=Freq(i), where Freq(v) is the number of times a content
item has been requested since it was stored in the cache for
the last time. The LFU favors popular content: if a content
item receives a large number of requests it will stay in the
cache for a long time. However, the LFU is less flexible. A
content item which was largely popular in the past may tend
to remain in the cache even if it is not requested anymore.

The Mixed policy combines both LRU and LFU features
and the priority of a content item is given by P (i)=clock+
Freq(i), in order to balance both temporal and popularity
effects. Thus, a content item increases its priority when the
content item is requested many times, but, if there are no
more requests, the content item will eventually be removed
from the cache.

In a different implementation, recommender 304 provides
content storage manager 402 (on the same or a different
device than recommender 304) with estimated hit times for
content items. As discussed above, hit estimation logic 402
determines a hit-weight of each content item i, as shown in
expressions (6) and (9). A hit-weight is set to be h,, and, as
discussed above, captures the estimated times a content item
will be requested in the future. The estimated request
probability P, , is determined by the predicted rating f{u,i
which employs the collaborative filtering (CF) technique. In
the CF, it is assumed that if users have similar taste in the
past then they will have similar taste in the future, and use
a similar user’s behavior (rating) to predict a target user’s
behavior(rating). Thus, CF methods capture the inter-con-
nection, between users, that standard cache replacement
methods ignore. The prediction model can be updated at
each time tick in accordance with expression (4), and be
used to calculate the expected hit number of content items in
the future.

With recommender having provided h,, for every user
request, content storage manager 402 obtains a weight h, for
content item and add it to the priority of the underlying
cache replacement policy.

Py(iy=P(i)ath;, an

where >0 is a tunable parameter, and P(i) is the priority as
discussed as above for LRU, LFU, or Mixed.

FIG. 5 illustrates databases 110. As shown, databases 110
may include a content database 502, a user behavior history
database 504, and a social network database 506. Content
database 502, user behavior history database 504, and social
network database 506 may provide information to another
device in network 100, such as content assignment device
108 or a device in content distribution cluster 112. Depend-

10

15

20

25

30

40

45

55

60

65

10

ing on the implementation, databases 110 may include
additional, fewer, or different databases than those illus-
trated in FIG. 5.

Content database 502 includes information about content
(e.g., web pages, videos, audios, etc.). In some implemen-
tations, content database 502 may include metadata or other
data, such as content program data (e.g., television program
guide).

User behavior history database 504 may include informa-
tion about user’s past ratings, download selections, and other
information (e.g., location, demographics, etc.).

Social network database 506 may include information
about users and their social networks. In addition, social
network database 506 may provide statistics about the social
networks and/or information from which such statistics can
be determined/calculated (e.g., an average number of
friends/social links per person in a social network).

FIG. 6 is a flow diagram of an exemplary process 600 that
is associated with determining hit priorities, without using
social network information. Process 600 may be performed
by a network device in network 100, such as content
assignment device 108 and/or devices of content distribution
clusters 112.

As shown, process 600 may include selecting a behavior
model. In one implementation, the network device may
receive user input via a client user interface (e.g., remote or
local web interface). Via the user interface, the user may
select a user behavior model. In other implementations, the
selection may be performed via scanning information stored
in a configuration file. Possible user behavior models
include a no-social-network model, CF-ULF, pure trust,
trust-CF-ULF, and trust-CF-ULF-best approach models, as
described above.

The network device may extract latent features (block
604). As described above, a user’s latent feature and a
content item’s latent features may be extracted in accor-
dance with expression (5), which depends on observed
ratings and training weights. The network device may obtain
the ratings from information in content database 502 and
user behavior history database 504.

The network device may determine whether the behavior
model selected at block 502 involves social network infor-
mation (block 605). If the behavior model involves social
network information, process 600 may proceed to process
700 (block 605: yes). Otherwise, process 600 may proceed
to block 606 (block 605: no). Using the extracted latent
features, the network device determine ratings for each
content item (block 606). The ratings may be determined
based on expression (4).

The network device may determine a user’s hit probabil-
ity (block 608). The network device may determine the
user’s hit probability in accordance with expression (6). In
evaluating (6), the network device may determine f{u,i in a
number of ways. As described above, the R, may be
computed based on user’s click history or based on user’s
viewing time of each content item (expression (8)).

Once the hit probabilities are computed, the network
device may use the hit probabilities to determine predicted
hit times (block 610) in accordance with expression (7).
Once the hit times are determined, the network device may
determine the caching priorities for each content item (block
612). As described above, determining the priorities depends
on the caching scheme, LRU, LFU, or Mixed. For example,
if the caching scheme is Mixed, the network device may
determine the caching priorities of the content items based
on expression (17).
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After the priorities are determined (by either content
assignment device 108 or by a device in a content distribu-
tion cluster 112), devices in content distribution clusters 112
may cache content items based on the priorities. If the
network device is not the device that performs the caching,
the network device may inform the caching device of the
determined priorities.

FIG. 7 is a flow diagram of an exemplary process 700 that
is associated with determining hit priorities based on social
network information. Process 700 may be entered from
process 600 when the network device referred to in process
600 determines that the behavior model selected at block
602 involves social network information (block 605: yes).

As shown, process 700 may include, for each user,
constructing a user neighborhood based on user’s latent
features (block 702). As described above in reference to
CF-ULF model, the network device may determine a user’s
latent features in accordance with expression (4).

The network device may construct a trust neighborhood
(block 704). To construct the trust neighborhood, the net-
work device may consult social network database 506. That
is, for each user, the network may determine the social
network by obtaining, for each user, a set of interconnected
users via social links.

The network device may obtain a model neighborhood
(block 706), depending on the behavior model selected at
block 602. For example, if the CF-ULF model is selected at
block 602, the network device may set the user neighbor-
hood constructed at block 702 as the model neighborhood.
If the pure-trust model is selected, the network device may
set the trust neighborhood constructed at block 704 as the
model neighborhood. If the trust-CF-ULF or trust-CF-ULF-
best is selected, the network device may merge the user
neighborhood and the trust neighborhood to obtain the
model neighborhood.

The network device may determine predicted voting
values (block 708) for the model neighborhood. The net-
work device may determine the predicted voting value,
based on expression (10), (13), or (16), depending on the
behavior model selected at block 602.

The network device may determine predicted hit times
(block 710) in accordance with expression (11). Thereafter,
the network device may modify caching priorities in accor-
dance with expression (17). As described above with block
612, determining the priorities depends on the caching
scheme, LRU, LFU, or Mixed. After the priorities are
determined, devices in content distribution clusters 112
cache content items based on the priorities.

As described above, a network device may prioritize a list
of contents to be cached in each of content distribution
clusters 112 in a content distribution network 102. In pri-
oritizing the list of contents, the network device may attempt
to maximize the rate of cache hits at each of the clusters 112
based on models of user behavior. By storing contents that
maximize the rate of cache hits, each content distribution
cluster 112 may decrease delays that are associated with
accessing content items and decrease reissuing requests for
content and reduce computational load on content distribu-
tion network 102.

In this specification, various preferred embodiments have
been described with reference to the accompanying draw-
ings. It will, however, be evident that various modifications
and changes may be made thereto, and additional embodi-
ments may be implemented, without departing from the
broader scope of the invention as set forth in the claims that
follow. The specification and drawings are accordingly to be
regarded in an illustrative rather than restrictive sense.
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In the above, while a series of blocks have been described
with regard to the process illustrated in FIGS. 6 and 7, the
order of the blocks may be modified in other implementa-
tions. In addition, non-dependent blocks may represent
blocks that can be performed in parallel.

It will be apparent that aspects described herein may be
implemented in many different forms of software, firmware,
and hardware in the implementations illustrated in the
figures. The actual software code or specialized control
hardware used to implement aspects does not limit the
invention. Thus, the operation and behavior of the aspects
were described without reference to the specific software
code—it being understood that software and control hard-
ware can be designed to implement the aspects based on the
description herein.

Further, certain portions of the implementations have
been described as “logic” that performs one or more func-
tions. This logic may include hardware, such as a processor,
a microprocessor, an application specific integrated circuit,
or a field programmable gate array, software, or a combi-
nation of hardware and software.

No element, block, or instruction used in the present
application should be construed as critical or essential to the
implementations described herein unless explicitly
described as such. Also, as used herein, the articles “a”, “an”
and “the” are intended to include one or more items. Further,
the phrase “based on” is intended to mean “based, at least in
part, on” unless explicitly stated otherwise.

What is claimed is:

1. A method comprising:

caching each of a plurality of content items in one of a
plurality of content distribution clusters;

obtaining a user access history of the content items based
on recorded information about users’ past access to the
content items and the users’ past ratings of the content
items;

determining a hit time for each of the content items based
on at least one of the user access history, the users’ past
ratings, and social network information associated with
the users, wherein the hit time of a content item
indicates a number of times that the content item is
likely to be accessed by user devices associated with
the users;

obtaining caching priorities of the content items based on
a caching policy at the content distribution clusters and
the determined hit times; and

transferring one or more of the content items from a first
subset of the content distribution clusters to a second
subset of the content distribution clusters based on the
caching priorities,

wherein each of the content distribution clusters includes
one or more physical devices configured to send one or
more of the content items, to one or more of the user
devices, without passing the one or more of the content
items through any of others of the content distribution
clusters.

2. The method of claim 1, further comprising:

selecting a user behavior model to determine the hit time
for each of the content items based on at least the social
network information associated with the users.

3. The method of claim 1, wherein the caching policy is

one of:

a least frequently used (LFU) policy, a least recently used
(LRU) policy, or a mix of the LFU policy and the LRU
policy.

4. The method of claim 3, wherein obtaining the caching

priorities includes
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evaluating, for each of the content items, a function of a
time since a last access of the content item, a frequency
of accessing the content item, and one of the hit times;
and

adding, for each of the content items, the results of
evaluating to obtain one of the caching priorities.

5. The method of claim 1, wherein the user access history

includes information regarding one of:

which of the users accessed which of the content items; or

how much time each of the users spent on each of the
content items.

6. The method of claim 5, wherein obtaining the caching

priorities includes:

predicting the users’ ratings of the content items based on
the user access history and the users’ past ratings;

determining, based on the users’ predicted ratings, a
probability of a request for each of the content items by
each of the users; and

predicting, for each of the content items, one of the hit
times based on the probabilities.

7. The method of claim 6, wherein determining the hit

time comprises:

adding the probabilities of a request for the user.

8. The method of claim 6, wherein predicting the users’
ratings includes:

extracting first latent features associated with the content
items and second latent features associated with the
users based on the user access history and the users’
past ratings; and

calculating the users’ predicted ratings using the first
latent features and the second latent features.

9. The method of claim 8, wherein extracting the first
latent features associated with the content items and the
second latent features associated with the users includes:

selecting values, as the first latent features and second
latent features, that minimize a root mean square error
between the predicted ratings and the users’ past rat-
ings.

10. The method of claim 6, wherein, when the user access
history includes how much time each of the users spent on
each of the content items, each of the users’ past ratings for
one of the content items is a ratio of a time the user spent on
accessing the one of the content items to a total duration of
the one of the content items.

11. The method of claim 1, wherein determining a hit time
for each of the content items includes:

constructing a model neighborhood for a user;

obtaining a predicted voting value for the content item for
each of the users based on the model neighborhood;
and

determining the hit time for the content item based on the
predicted voting values for the users,

wherein the model neighborhood is a subset of the users,
and

wherein the predicted voting value is a probability that the
user will select the content item given the model
neighborhood.

12. The method of claim 11, wherein constructing the

model neighborhood includes:

extracting first latent features associated with the content
items and second latent features associated with the
users based on the user access history and the users’
past ratings; and

identifying first users, among the users, closest to the user
in a space of the second latent features, and

including the identified first users in the model neighbor-
hood.

14

13. The method of claim 12, wherein identifying the first
users includes:
identifying the first users closest to the user in the space
of the second latent features based on Pearson corre-
5 lation.

14. The method of claim 11, wherein constructing the
model neighborhood further includes:

identifying first users, among the users, closest to the user

based on social network information for the user; and
including the identified first users in the model neighbor-
hood.

15. The method of claim 11, wherein constructing the
model neighborhood further includes:

extracting first latent features associated with the content

items and second latent features associated with the
users based on the user access history and the users’
past ratings;

identifying first users, among the users, closest to the user

in a space of the second latent features;

identifying second users, among the users, closest to the

user based on social network information for the user;
and

including the first users and the second users in the model

neighborhood.
16. The method of claim 15, wherein the first users and
the second users are tuned to obtain maximum hit times.
17. A device comprising,
one or more processors to:
determine a hit time for each of a plurality of content
items based on at least one of users” history of access
to the content items on content distribution clusters
in a content distribution network, the users’ past
ratings of the content items, and social network
information associated with the users, wherein the
hit time of a content item indicates a number of times
that the content item is likely to be accessed by user
devices associated with the users;
compute caching priorities of the content items based
on a caching policy of the device and the determined
hit times; and
initiate a redistribution, over a network, of the plurality
of content items over the content distribution clusters
of the content distribution network based on the
caching priorities,
wherein each of the content distribution clusters includes
one or more physical devices configured to send one or
more of the content items, to one or more of the user
devices, without passing the one or more of the content
items through any of others of the content distribution
clusters.
18. The device of claim 17, wherein when the one or more
processors initiate the redistribution, the one or more pro-
55 cessors are further configured to:
send a content item to a remote device in one of the
content distribution clusters;
receive a content item from a remote device in one of the
content distribution clusters;

send the computed caching priorities, to another device,
for redistributing the plurality of content items over the
content distribution clusters; or

send remote commands to one or more devices in the
content distribution clusters to transfer a content item in
one content distribution cluster to another content dis-
tribution cluster among the content distribution clus-
ters.
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19. The device of claim 17, wherein when the one or more
processors compute the caching priorities, the one or more
processors are further configured to:

extract first latent features associated with the content

items and second latent features associated with the
users based on the users’ history of access and the
users’ past ratings;

obtain the users’ predicted ratings using the first latent

features and the second latent features;

determine, based on the predicted ratings, a probability of

a request for each of the content items by each of the
users; and

predict, for each of the content items, one of the hit times

based on the probabilities.

20. The device of claim 17, wherein the one or more
processors are configured to:

construct a model neighborhood for a user among the

users;

obtain a predicted voting value for the content item for

each of the users based on the model neighborhood;
and

determine the hit time for the content item based on the

predicted voting values for the users,

wherein the model neighborhood is a subset of the users,

and

wherein the predicted voting value is a probability that the

user will select the content item given the model
neighborhood.

21. The device of claim 20, wherein when the one or more
processors construct the model neighborhood, the one or
more processors are configured to:

extract first latent features associated with the content

items and second latent features associated with the
users based on the user’s history of access and the
users’ past ratings; and

identify first users, among the users, closest to the user in

a space of the second latent features, and

include the identified first users in the model neighbor-

hood.

22. The device of claim 20, wherein when the one or more
processors construct the model neighborhood, the one or
more processors are configured to:

identify first users, among the users, closest to the user

based on social network information for the user; and
include the identified first users in the model neighbor-
hood.
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23. The device of claim 20, wherein when the one or more
processors construct the model neighborhood, the one or
more processors are configured to:

extract first latent features associated with the content

items and second latent features associated with the
users based on the user’s history of access and the
users’ past ratings;
identify first users, among the users, closest to the user in
a space of the second latent features;

identify second users, among the users, closest to the user
based on the social network information for the user;
and

include the first users and the second users in the model

neighborhood.

24. A non-transitory computer readable medium compris-
ing computer-executable instructions for one or more pro-
cessors, wherein when the one or more processors execute
the instructions, the instructions cause the one or more
processors to:

cache each of a plurality of content items in one of a

plurality of content distribution clusters;

obtain a user access history of the content items based on

recorded information about users’ past access to the
content items and the users’ past ratings of the content
items;

determine a hit time for each of the content items based

on at least one of the user access history, the users’ past
ratings, and social network information associated with
the users, wherein the hit time of a content item
indicates a number of times that the content item is
likely to be accessed by user devices associated with
the users;

obtain caching priorities of the content items based on a

caching policy at the content distribution clusters and
the determined hit times; and

transfer one or more of the content items from a first

subset of the content distribution clusters to a second
subset of the content distribution clusters based on the
caching priorities,

wherein each of the content distribution clusters includes

one or more physical devices configured to send one or
more of the content items to one or more of the user
devices, without passing the one or more of the content
items through any of others of the content distribution
clusters.



